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Power management strategies have impacts on fuel economy, greenhouse gasses
(GHG) emission, as well as effects on the durability of power-train components. This is
why different off-line and real-time optimal control approaches are being developed.
However, real-time control seems to be more attractive than off-line control because it
can be directly implemented for managing power and energy flow inside an actual
vehicle. One interesting illustration of these power management strategies is the model
predictive control (MPC) based algorithm. Inside an MPC, a cost function is optimized
while system constraints are validated in real time. The MPC algorithm relies on dynamic
models of the vehicle and the battery. The complexity and accuracy of the battery model
are usually neglected to benefit the development of new cost functions or better MPC
search algorithms. In fact, the literature does not deal with the impact of the battery
model on MPC. This is why this Ph.D. dissertation evaluates the impact of different
battery models of a plug-in hybrid electric vehicle (PHEV) through a sensitivity analysis
to reach optimal performance for an MPC. The required fidelity of the battery might
depend on different factors:



the prediction horizon also called look-ahead step time



the vehicle states update time



the vehicle model step time



the objective function

The results of simulations show that higher fidelity model improves the capability
to predict accurately the battery aging. As the battery pack is currently one of the most
expensive components of an electric vehicle and lithium is a limited natural resource,
being able to manage precisely the battery aging is a crucial point for both the automotive
company and the battery manufacturer. Another important aspect highlighted by this PhD
dissertation is that higher battery fidelity model reduces the possibility to violate the SoC
constraint, which is greatly desirable. In fact, this constraint is usually defined by battery
manufacturers for safety and battery aging management reasons. Last but not least, it has
been proven that the impact of the battery modeling for the MPC controller depends on
what the objective function aims to optimize. For instance, battery modeling have limited
impact if the objective function takes into account the fuel consumption but far more for
if it considers the battery degradation.
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CHAPTER I
INTRODUCTION
1.1

Background and motivation
Currently, electrification of vehicles cannot help but increase. By December 2013,

7.5 million hybrid electric vehicles (HEVs) have been sold worldwide [1]. By April 2016,
more than 11 million HEVs have been sold worldwide while electrified vehicle sales will
probably rise in coming years. Around one-third of them have been bought in the US
market [2]. Moreover, U.S. Energy Information Administration projects that from 2015
to 2040 petroleum use in transportation falls 10%, mainly due to improved light-duty
vehicle fuel efficiency [3]. Vehicle electrification is the major contributor to the projected
increase in fuel efficiency, so in the next couple of decades and perhaps beyond, there
will be a high demand for new technologies to achieve significant improvements in
electrified vehicle design, such as efficiency, emission, and durability.
To achieve the objectives of optimal fuel efficiency, minimal greenhouse gasses
(GHG) emission and improved battery lifetime, advanced power management strategies
have been studied [4] [5] as the primary technology for the future electrified vehicles.
Different off-line and real-time control approaches have been developed and evaluated to
serve the need of distributing power efficiently between onboard power/energy sources
and improving the utilization of the system. Lately, Model Predictive Control is gaining
in popularity as a general, optimization-based control strategy for online PMS design.
1

MPC was first adopted in the process industries for power plants and oil refineries back
in the 1980s [6] [7]. Compared to traditional set-point based feedback control or rulebased control strategies, MPC can handle specific constraints and offer effective control
solutions for complex nonlinear and event-driven dynamics that are commonly found in
real-world automotive applications. With look-ahead capability, MPC is also capable of
proactively responding to system disturbances at an early stage to provide additional
stability and reliability.
In the application of real-time, dynamic MPC, the heart of MPC algorithm design
and development lies in the process of modeling [8]. It is well-known in the MPC
research community that the quality of the model, in representing the plant behavior
adequately, profoundly impacts the performance and the confidence of the control design
as it provides the core information to track current system states and predict future system
actions. Meanwhile, as an optimization-based control, the control solution of MPC
depends on solving a linear/nonlinear programming problem at each sample time. It is
then apparent that the computational complexity of the control solution is directly related
to the model form as well. Therefore, one of the most critical decisions that need to be
made during MPC design stage is to choose the appropriate fidelity of the underlying
models.
Previous literature [9] [10] [11] [12] [13] [14] suggests that the typical response to
this issue during the practical design of predictive controllers in the process
manufacturing industry has been heuristic. Since the plant dynamics can be conveniently
modeled by linear equations, a simple re-identification can be performed to adjust the
linear model once the model-plant mismatch happens. It aims at capturing the current
2

plant dynamics accurately without changing the essential forms of the model. However,
the problem faced in the automotive MPC design is significantly different. Instead of
looking for hints to identify and diagnose the model-plant mismatch when control
performance deteriorates, the goal of this research is to search for guidelines and
quantifiable metrics during the modeling process to allow the controller to be developed
with sufficient accuracy and computational efficiency such that an appropriate choice
among different fidelities models is made.
In vehicle-related cases presented in the literature such as [15] [16], ad-hoc
experiments need to be carried out to determine if a specific level of model fidelity can
meet the criteria for a particular control design. However, to the authors' knowledge, a
particular research effort has so far not been made to examine this correlation
comprehensively and quantitatively when it is of critical importance in practical, realtime application design for vehicle powertrain control.
To address the challenges mentioned above, a systematic approach is attempted in
this PhD dissertation. It aims at examining the link between the battery model fidelity and
controller performance for the case of a hybrid energy storage system in a light-duty
plug-in hybrid electric vehicle consisting of a high energy density battery.
1.2

Literature Review
MPC has been broadly used for many types of applications. Nowadays, it is being

developed more and more for vehicle application. Many references have been found
which directly consider the influence of MPC controller on an HEV. Also modeling the
vehicle with enough accuracy is a big challenge. This is why, to bring some order to the

3

ensuing discussion, the reviewed literature will be broken down into several categories,
which are enumerated below.

1.2.1

1.

MPC controller challenges for vehicle applications

2.

Past research on MPC controller for hybrid electric vehicle applications

3.

Impact of model fidelity

MPC controller challenges for vehicle applications
Model predictive control (MPC) is under active development from both academic

and industrial researchers to fully utilize two transformational developments in vehicle
transportation. The first is electrified transportation platforms, from all-electric buses to
mild and strong hybrid and plug-in hybrid (PHEV) automobiles and light trucks. The
second is the rapidly expanding investment in the connected vehicle transportation
system. While the public thinks about a far future of autonomously driven vehicles, many
government-private partnerships in the U.S. and Europe are springing up to use vehicleto-infrastructure communication, and advanced vehicle controls to make near-term
human piloted vehicles safer [17] and more fuel-efficient [18]. For example, the U.S.
Department of Energy is investing in the NEXTCAR program that targets a 20%
reduction in fuel consumption from the use of predictive control strategies. This program
has published a triangle of synergy between vehicle powertrain components, vehicle
drive cycle, and vehicle environment (see Figure 1.1). The research in this proposal will
study improved methods for modeling the vehicle powertrain components to take
advantage of limited look-ahead control strategies to optimize the use of data coming
from the other two vertices of the triangle, which is fundamental research not duplicated
in the ARPA-E program. Limited look-ahead control based on MPC is an emerging area
4

of research for hybrid energy storage systems [19] [20] [21] [22]. However, linking
model fidelity and MPC performance is the challenging question addressed in this
proposal. Through this dissertation proposal, a collaboration between the Center for
Advanced Vehicular Systems (CAVS) at Mississippi State University and California
State University Los Angeles (CalState LA) is forged. In fact, this Ph.D. dissertation is a
part of a global project that can be described by three main topics:
1.

Improved estimation of computationally tractable behavior models for the
key subcomponents of a hybrid electric energy storage system (CalState
LA);

2.

Experimental data to support model parameter estimation and to verify the
accuracy of the rendered behavioral models (CAVS MSU);

3.

Sensitivity analysis on a generalized limited-look-ahead controller to
correctly link the specification of model fidelity to MPC performance
figures of merit (CAVS MSU and CalState LA). This last point is the topic
of this Ph.D. manuscript.

Figure 1.1

Triangle showing synergy of information to improve predictive control of
both human and autonomously driven vehicles in a connected vehicle
transportation system [18]. The lower left corner of the triangle is the scope
of this proposal.

5

Figure 1.2

The objective of this proposal is to investigate proper fidelity component
models of the type shown in the lower left corner of the connected vehicle
control hierarchy.

The proposed PhD dissertation research enables progress in a field that will need
to be expanded and improved considerably to realize the promise shown in Figure 1.2.
1.2.2

Past research on MPC for hybrid electric vehicle applications
In recent years, MPC has been used for hybrid electric vehicle (HEV) and plug-in

HEV (PHEV) applications, as shown in the comprehensive survey of power management
topics [23]. In [23], dynamic programming-based strategies are introduced as the most
conventional off-line approaches while MPC-based algorithms, and equivalent fuel
consumption minimization strategy (ECMS)-based [24] [25] [20] are defined as the
primary on-line methods. The former has been of interest in many works. For example,
using an MPC, an overall power efficiency is maximized, instead of fuel consumption
minimization, for a series HEV [26]. In [26], based on the price of gas and electricity in
6

the United States, an MPC minimizes the cost of the vehicle's energy use for a series
PHEV. In another research report, engine transient characteristic is incorporated in an
MPC for parallel HEV [27]. In other publications [28] [29], the goal of MPC is to reduce
the CO2 emissions. To implement a fast MPC, the authors in [30] proposed to compute
the entire control law off-line. A global optimization-based MPC is developed, and
experimental validation is provided on the test bench in [31]. Stochastic MPC with
learning is proposed and validated by simulation in [32]. The MPC-based control strategy
is also applied to solve the energy management problem of a series and power-split HEVs
in [33] and to analyze the potential benefits of integrating ultracapacitors (UC) in the
energy storage system (ESS) unit of a power-split HEV in [34] [35] [36] [37]. Using the
Pontryagin’s minimum principle (PMP), the MPC of fuel cell hybrid vehicles (FCHVs)
optimizes battery lifetime while reducing battery energy loss, fuel consumption, and
powertrain cost in [38] [39].

Figure 1.3

Block diagram of a model predictive control (MPC) controller [40].

7

MPC relies on dynamic models of the vehicle, most often linear empirical models
obtained by system identification [41]. In the references cited above, the significance of
an MPC controller for HEV applications has been highlighted. In this literature review,
the authors mainly focus on the influence of a new cost function, but they do not deal
with the benefit of a high accuracy battery model. Their models are far simpler than the
one introduced in papers [42] [43] [44] [45] [46] [47] [48] for automotive applications.
For instance, in the conference paper [20] entitled “MPC-based power management
system for a plug-in hybrid electric vehicle for relaxing battery cycling” written by my
co-major advisor Dr. Masood Shahverdi et al., the first version of a real-time MPC based
algorithm has been developed. The goal is for this algorithm to be implemented in a
reference sport class series PHEV and performance results are compared with an engine
duty ratio (thermostat) control algorithm. The MPC based algorithm has been
implemented and tested in a real time controller, namely, the Mototron microcontroller
by MotoHawk library of Simulink. The result of this study shows almost identical fuel
consumption in both cases while the relaxed battery cycling is observed with an MPCbased strategy suggesting the possibility to extend battery lifetime. However, the
objective function used in this work takes into account only the fuel consumption. In this
proposal, a new cost function depending on the battery state of health (SoH), the battery
energy throughput, and the fuel consumption has been designed. Moreover, the
impedance of the battery model used in this paper is limited to a simple internal
resistance impedance model, as shown in Figure 1.4. A question about the fidelity of the
battery model required to reach optimal solution has not even been suggested in [20], but
the question is tackled through this dissertation manuscript.
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Figure 1.4

Equivalent battery model for MPC controller design [33].

To improve the battery model fidelity of the PHEV for the MPC based algorithm
developed in [20], a high battery fidelity model is formulated in this Ph.D. proposal based
on two journal articles. The first one, entitled "Accurate battery pack modeling for
automotive applications," written by Dr. Jianwei Li, and my advisor Dr. Michael
Mazzola [49], proposes a battery modeling approach by anticipating the bandwidth of the
battery application and then optimizing the bandwidth of the battery pack model with this
knowledge. The reported work enables the impedance of the battery to be determined,
composed of an internal resistance and two resistance and capacitor networks leading to a
high level of fidelity. This approach has been experimentally verified on a 5×22s3p, 360
V, 21.3 kWh LiFePO4 prismatic battery pack from A123 operated in a PHEV.
In the second journal article, named “Cycle-life model for graphite-LiFePO4”
written by Dr. John Wang et al. [49], the capacity fade of LiFePO4 battery induced by
cycling was studied and a cycle-life or SoH models of the commercially available 2.2 Ah,
26650 cylindrical cells from A123. The effects of test parameters (time, temperature,
DOD, rate) were investigated and described. Overall, they established a simple battery
9

life model that accounts for Ah throughput (time), C-rates from C/2 to 10C, and
temperature between 15 °C and 60 °C and achieved qualitative agreement with
experimental data. Both journal articles provide test data that enables precise impedance
and capacity fade of a LiFePO4 battery from A123. In this Ph.D. proposal, those
meaningful data are used for the first time, in combination, for a particular study:
modeling a 7×15s2p, 340 V, 13.34 kWh LiFePO4 prismatic battery pack from A123
operated in a PHEV, for MPC based algorithm purposes.
1.2.3

Impact of model fidelity
The sophisticated vehicle nonlinear dynamics, short sampling period, and limited

computational capacity provided by even recently available embedded onboard hardware
combine to determine one of the biggest challenges for model-based automotive control
algorithm design, which is to choose the appropriate fidelity of the vehicle dynamic
model. Especially, for MPC, as the model plays the central role in providing the
necessary information to track current system states and predicting future system
behaviors, it is evident that the quality of the model, in representing the plant behavior
adequately, profoundly impacts the performance and boosts the confidence of the control
design. Meanwhile, the on-line, real-time nature of MPC, along with the limited hardware
capability suggests that infinitely increasing the model fidelity to achieve virtually zero
mismatches between the model and the real vehicle is never a valid nor an affordable
option for practical control system design. A trade-off has to be made between "the best
representation of the physical system behavior" offered by the high-fidelity model and
"the capability to solve a linear/nonlinear programming problem in real-time at each
sample time" provided by the onboard computational resources.
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Although this challenge has been well recognized in traditional MPC design
practices, currently the majority of the literature still address this issue in an ad-hoc
fashion [9] [15] [16] [50]. This is why a set of "simplified" models have to be tested and
validated according to the specific application requirements. Those "simplified" models
have been developed based on the understanding of the physical system responses and
the control problem. The fidelity of the candidate modeling strategy needs to be adequate
for controller design and meet the objective of generating sufficient control solutions
without losing the real-time performance. While this sort of ad-hoc approach has been
demonstrated to work for existing MPC applications, the rigorous correlation between
model fidelity, computational demand, the predictive capability, and the effectiveness of
the generated control outputs has not been systematically explored and verified. In other
words, how to determine the appropriate model accuracy for a given MPC application
constrained by limited computational resources remains an open question. This is why
the authors of [8] have concluded that "To date, most results in this area indicate good
performance in the presence of model uncertainty; however, a rigorous analysis that can
provide sufficient conditions for robustness has not been completed." This aspect of the
understanding needs significant improvement to develop the essential guidelines and
metrics in designing real-time predictive control applications.
To address this challenge, in this PhD dissertation, I investigate, identify, and
quantify the effects of model fidelity on the MPC controller’s performance. The
particular focus of this work is on the accuracy of the battery model for the ESS.
Different battery model fidelities is evaluated within the context of a complete vehicle
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model, and the performance of the controllers designed based on these models is
compared accordingly.
1.3

Research Contribution
In the literature review above, the significance and the challenges of MPC control

for electric vehicles and, especially, HEVs have been shown. Preliminary work has been
conducted by my co-major advisor Dr. Masood Shahverdi and published at ITEC 2016 in
Dearborn [20]. In this work, the first version of the PHEV model has been coded in
Matlab, and an MPC based algorithm has been implemented and tested in a real time
controller, (Mototron microcontroller using the MotoHawk library of Simulink). Results
of this study also show that the MPC based algorithm can improve the lifetime of the
battery by reducing cycling while it maintains the fuel efficiency benefit of the reference
algorithm.
Using the Matlab model of the PHEV built in this preliminary work, a high
fidelity battery model has also been developed, and an MDPI journal article has been
published [51]. This high fidelity battery model is based on two paper [48] [49]
respectively from Jianwei Li and John Wang. The first one provides valuable information
for characterizing precisely the battery pack impedance used in the PHEV. The second
one gives the formula to derive the capacity fades of the battery across the lifetime of the
battery. Also, [52] provides a methodology that has the capability to be embedded into a
vehicle for continuously tracking the battery impedance across its lifetime. This method
has been tested, and a conference paper [53] was presented at the ITEC conference 2017
in Chicago from 22nd to 24th June.
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As the literature review mentioned, the model of the vehicle and the performance
of MPC are linked. However, no previous work answers the following question: what is
the optimal battery model fidelity required to optimize the performance of an MPC
controller and limit its computational burden in the case of automotive application? This
is why the first sensitivity analysis of the battery model for MPC has been conducted
during this Ph.D. research. This study provides a procedure and results to determine the
optimal tradeoff between the complexity and accuracy of the battery model of a PHEV
for an MPC controller. Using the high fidelity battery model introduced above, other
battery models with decreasing accuracy can be easily created. The preliminary results of
this sensitivity analysis have already received good feedback from the relevant peer
community as shown by the acceptance for paper presentation [54] at the 2017 ITEC
conference.
1.4

Organization of the PhD dissertation
This PhD dissertation is organized as follows. Chapter 2 introduces the

characteristics of the real Plug-in Hybrid Electric Vehicle considered and the equations of
the vehicle model. Chapter 3 presents the high fidelity battery model validated through
experimental work. Chapter 4 describes the MPC controller, the search optimizer, and the
objectives function considered for this study. Chapter 5 describes the different battery
model fidelity used for the sensitivity analysis and shows the preliminary results. Finally,
Chapter 6 provides the conclusion for the conducted work and summarizes possible
future work.
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CHAPTER II
VEHICLE MODEL EQUATIONS

2.1

Overview
In this section, the architecture of the reference car is shown in Figure 2.1. It

provides an overview of the vehicle model and helps to understand the role of the battery
model. The vehicle is a series PHEV. The arrows in Figure 3 indicate the possible
direction of the energy flow inside the power-train. An electric generator, an ESS
composed of a lithium-ion battery, and an electric motor are connected to a DC bus.
During acceleration, the generator or the ESS provide power to the DC bus for the motor
while, during regenerative braking, the motor works as a generator and provides power to
the ESS through the DC bus. Except for cranking the engine at the very start of a drive,
there is no energy transfer from the battery to the engine through the generator while the
car is running. Consequently, the energy flow in this situation is minimal and considered
as negligible compared to the total energy consumption. This is why the arrows between
engine and generator, and between generator and battery are uni-directional. Table 2.1
summarizes the specifications of the power-train components. The size of the ESS has
been selected based on a parametric study on the available size of high energy density
modules from A123 (Livonia, MI, USA) to minimize fuel consumption. High energy
density modules are preferred to high power density modules because the ESS of a PHEV
is usually sufficient to meet the power requirements of the vehicle power-train.
Therefore, the ESS should be able to store more energy to increase the all-electric range
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and, as a result, to reduce the fuel consumption of the vehicle. However, the available
space inside the concept vehicle test platform (Subaru BRZ 2015) constrains the
maximum ESS size. The size of the engine has been selected based on the reduced size
engine concept to achieve maximal fuel economy as explained in [55]. A motor unit
power has been chosen to keep the acceleration performance of this new PHEV close to
its original performance. The unit includes two independent motors for both rear wheels.

Figure 2.1

Series hybrid electric vehicle (HEV) block diagram of the Subaru BRZ
2015. ICE: internal combustion engine; SoC: state of charge; SOH: state of
health; LFP: Lithium iron phosphate (LiFePO4); UDDS: urban
dynamometer driving schedule, and HWFET: Highway Fuel Economy
Test.

The characteristics of the vehicle model are given in Figure 2.1 and Table 2.1.
The equations describing the vehicle dynamics, the electric motor, and generator, and the
engine are in the next section.
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Table 2.1

Specification of power-train components. ESS: energy storage system.

Power-train
Name

Characteristics

component
Capacity = 39.2 Ah;
LiFePO4 prismatic cells from

Nominal voltage =340 V;

A123

Nominal energy = 13.3 kWh;

ESS

Configuration : 7×15s2p
Engine

Model MPE850 from Weber

41 kW, 2 cylinders, 850 cc,

Generator

Model YASA-400

93 kW, axial flux permanent magnet

Model GVK210-100L6 from
2 × 80 kW, unit ratio = 8.49

Motors Unit
Linamar

Drag coefficient = 0.28;
Frontal Area = 1.9695 m2;

Vehicle
2015 Subaru BRZ Limited
dynamics

PHEV Mass = 1300 kg;
Wheel radius = 0.3 m.

.
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2.2

Vehicle dynamics
This section describes the vehicle dynamic equations [56] [57] [58] [59]. The

power that the car’s powertrain has to provide can be computed as follows:
Pc (t)=[Fr (t)+Fg (t)+Fw (t)+Fa (t)]vc (t)

(2.1)

The rolling resistance of the vehicle is defined by equation (2.2):
v (t) 1.2

c
Fr (t)= (Cr0 +Cr1 × [44.44
] ) Mg cos(α(t))

(2.2)

The static and dynamic rolling coefficients have been experimentally determined.
The grading resistance of the vehicle is defined by equation (2.3):
Fg (t)=M g sin(α(t))

(2.3)

The aerodynamics drag resistance is defined as follows:
Fw (t)=0.5 ρa (t)×Af × CD × (vc (t)-vfw (t))

2

vfw (t)= vw (t) cos(β(t)) cos(ϑ(t))
ρa (t)=

Pr
Rair Text

(2.4)
(2.5)
(2.6)

The acceleration resistance of the vehicle is defined by equation (2.7):
Fa (t)=[M+Mi ]v̇ c (t)
2.3

(2.7)

Electric motor
The electric motor power demand at the wheels can be calculated by equations

(2.8) and (2.9):
P (t)

Pm_m (t)= ηc , if Pc (t) ≥0

(2.8)

Pm_m (t)=Pc (t) ηgear , if Pc (t)<0

(2.9)

gear

The motor speed and torque are computed by equations (2.10) and (2.11):
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vc (t)ε0

ωm (t)=
Tm (t)=

(2.10)

rd

Pm_m (t)

(2.11)

ωm (t)

The electric power requested by the electric motor is computed as follows:
ω (t) Tm (t)

Pm_e (t)= η m (ω
m

m ,Tm )

, if Pm_m (t) ≥0

Pm_e (t)=ω (t)Tm(t)ηm(ωm ,Tm ), if Pm_m (t)<0
m

(2.12)
(2.13)

The motor efficiency m is computed by interpolating the manufacturer look-up
table over torque and speed.
2.4

Electric generator
The electric power generated by the electric generator can be calculated as

follows:
Pg_e (t)=T (t)ωg (t) ηg (ωg ,Tg )

(2.14)

ωg (t)=ωe (t)

(2.15)

g

2.5

Engine
The speed of the engine is already known as it is controlled by the MPC. Only the

engine torque needs to be computed. In a discrete domain, the engine torque can be
calculated by equation (2.16):
Te (t+∆t)=Jflwhl

ωe (t+∆t)-ωe (t)
∆t

+ Tg (t+∆t)

(2.16)

The fuel consumption is then computed by interpolating the manufacturer look-up
table over engine torque and speed.
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CHAPTER III
HIGH FIDELITY BATTERY MODEL
3.1

Introduction
To conduct a sensitivity analysis of the PHEV battery model, a reference model

has to be designed. In this chapter, the best battery fidelity model is described in section
2. It is based on two paper [48] [49] respectively from Jianwei Li and John Wang.
Developing such model has been the first objective of this Ph.D. Result of this work has
already been published in Battery MDPI in April 2016 [51]. Every other lower fidelity
battery models, described in Chapter IV, are build based on a simplification of this high
fidelity battery model. Furthermore, this developed high battery fidelity model can be
used as a reference model for the sensitivity analysis as it has been validated through
experimental work. The results of this validation are presented in section 3.
3.2
3.2.1

Model description
Impedance
To capture the battery dynamic accurately, an internal series resistance and a two

RC network, as shown in Figure 3.1, are commonly used to design battery impedance for
EV and HEV applications [45] [46] [47]. The value of each resistance and capacity are
based on [44] [48]. Indeed, the battery used in the vehicle is the same as the one used in
[44] [48]: A123 LiFePO4 prismatic module with its battery management system. Only the
configuration changes: from 5×22s3p in [44] [48] to 7×15s2p in the Subaru BRZ 2015.
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Figure 3.1
3.2.2

Impedance model of the battery [47].

Power, Voltage and Current
The power provided or received by the battery is computed as follows:
Pb (t)=ηb [Pm_e (t)-Pg_e (t)+Pa ] if [Pm_e (t) - Pg_e (t)+Pa ]<0
Pb (t)=

[Pm_e (t) - Pg_e (t)+Pa ]
ηb

if [Pm_e (t) - Pg_e (t)+Pa ]≥0

(3.1)
(3.2)

In Equations Error! Reference source not found.3.1) and (3.2), the battery is
charging when Pb is negative and is discharging when Pb is positive. The battery current
is then computed as follows:
Pb (t)
b (t-∆t)

Ib (t)= V

(3.3)

Then, voltage is computed using the impedance model of the battery in a discrete
time domain as follows:
VT_S (t)=VT_S (t-∆t) [1- R

1

VT_L (t)=VT_L (t-∆t) [1- R

1

T_S

T_L
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CT_S

]-

Ib (t-∆t)

]-

Ib (t-∆t)

CT_L

CT_S

CT_L

(3.4)
(3.5)

Vb (t)=VOC (t)-RS Ib (t)+VT_S (t)+ VT_L (t)

(3.6)

The open circuit voltage of the battery, VOC, is an eight-order polynomial equation
varying over the state of charge (SoC) representing the SoC–VOC curve shown in Figure
3.2. The data and polynomial order are extracted from [48].

Figure 3.2
3.2.3

Open circuit voltage over battery SoC.

State of Charge
The SoC of the battery is computed by the coulomb counting equation (3.7) in the

discrete time domain.
SOC(t+∆t)=SOC(t)-
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Ib (t) ∆t
3600 (1-Ql (t)) Cb

(3.7)

3.2.4

State of Health
The battery state of health (SoH) is represented by the capacity fade of the battery

over cycling. Equations (3.8)–(3.13) simulate this phenomenon as a function of the
cumulative SoC variation, C-rate, and temperature. Those formulas are extracted from
[49] because their tested batteries have the same chemistry and come from the same
manufacturer as the battery used in this work, which is the A123 LiFePO4 battery. This is
why it is assumed that the aging characteristic of the large-format battery pack is similar
to the cells tested in [60] despite the fact that the battery pack is composed of seven
modules of 15 prismatic cells in series and two in parallel and not one cylindrical cell.
For example, this assumption was accepted as a correct battery aging model for a causal
optimal control-based energy management strategy for a parallel HEV using a lithium ion
battery pack in [60]. The following equations explain how the SoH is computed in a
discrete domain time.
z
E (t)
) (∆SOC(t))
bat (t)

Ql (t)=B(t) exp (R Ta

(3.8)

∆SOC(t+∆t)=∆SOC(t)+|SOC(t+∆t)-SOC(t)|

(3.9)

B(t)=f(Crate (t))

(3.10)

Ea (t)= -31700+370.3 Crate (t)

(3.11)

Crate (t)=

|Ib (t)|
Cb

(3.12)

According to Table 3 of Wang’s paper [49], equation (3.8) should normally be
written this way:
E (t)
) (Ah )z
bat (t)

Ql (t)=B(t) exp (R Ta

(3.13)

Ah =cycle number × DOD × 2

(3.14)
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Also, according to Equations (3) and (7) of the same paper [49], equation (3.11)
can be written, and z is equal to 0.55. Moreover, B values are a function of Crate, defined
as the ratio of the absolute value of the current to the cell capacity (3.12). Wang’s paper
[49] only provides B values for four different Crate: C/2, 2C, 6C, and 10C. In this paper,
by default, the B value is linearly interpolated in function of Crate using data provided in
Table 3 in [49], which leads to equation (3.10).
By equation (3.14) presented in Table 3 in [49], Ah is defined as a SoC variation.
Indeed, the SoC variation of a battery can be concluded with the following equation
(3.15):
∆𝑆𝑂𝐶 = 2 × 𝑐𝑦𝑐𝑙𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 × 𝐷𝑂𝐷 = 𝐴h

(3.15)

Since this battery is managed by its battery management system (BMS), which
includes cells balancing, it allows us to hypothesize the following: the aging of battery
cells should be roughly homogenous throughout the pack. From this hypothesis, it can be
concluded that two of the same batteries, with different capacity, subjected to the same
charge and discharge conditions (C-rate, temperature, number of cycles, depth of
discharge (DOD) etc.) should be impacted the same way by the capacity fade. In other
words, the results published in the paper [49] would have been the same if they tested
cells with different capacity but with the same chemistry (LiFePO4) and manufacturer
(A123).
3.3
3.3.1

Model validation
Experimental conditions
On the dynamometer, the vehicle has been driven over an HWFET drive cycle

from full battery charge (96% of SoC) to its complete depletion (5% of SoC). The goal of
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this test was to validate the accuracy of the battery model. This is why, during this
experiment, the engine and electric generator was not used. The effects of the road slope
and the wind speed have not been considered, and so those parameters have been set to
zero. The air density has been set to a constant value. At the time of the test, the coolant
system, supposed to keep the battery temperature optimal, was not present. However, the
internal battery management system of the A123 LiFePO4 prismatic module records the
temperature of the battery and provides an alarm response when it goes over the limits.
During the experiment, it goes from 25 °C to 38.5 °C. Figure 3.3 summarizes the
experiment.

Figure 3.3
3.3.2

Dynamometer testing on the Subaru BRZ 2015.

Electric motor
During the test, the speed of the car was controlled by a human driver operating

an accelerator and brake pedal. The driver tried to follow the HWFET drive cycle as
closely as possible. However, pedal sensitivity limitation and driver reactivity cause some
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inaccuracy that might explain the peaks in error between experimental and simulated
motor speed and torque. This is why the vehicle speed profile during this experiment was
recorded and used as an input for the simulation.
The goal of those preliminary results is to check the accuracy of the vehicle
dynamics and electric motor models, described in Appendix. In fact, a poor design would
prevent the evaluation of the performance of the high-fidelity battery model. However,
results in Figure 3.4 and Figure 3.5 show high accuracy of the vehicle dynamics and
motor models with a low average absolute error for the motor speed and good precision
for the motor torque (see Table 3.1).

Figure 3.4

Motor speed comparison between experimental and simulated data.
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Figure 3.5

Motor torque comparison between experimental and simulated data.

Table 3.1

Result of the experimental and simulated motor comparison.

Electric Motor Average Absolute Error Standard Deviation Absolute Error

3.3.3

Speed

18 RPM

37 RPM

Torque

4.4 N.m

4.3 N.m

Battery
The results of those experiments prove that the two RC network battery model

improves the accuracy of the estimation of the voltage and SoC of the battery, as shown
in Figure 3.6 and Figure 3.7 and Table 3.2 and Table 3.3, compared to the simple internal
resistance battery model. However, the impact of the battery model on the current is
minimal, as shown in Figure 3.8 and Table 3.4. Those observations have a theoretical
explanation. We know that Ib = Pb/Vb. As Vb fluctuations are small compared to Pb, Ib
mainly depends on Pb. In a high-level abstraction, we could say that Ib = f(Pb) as Vb is
quite constant. This is why precision of the battery model will not have much effect on Ib.
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We can also deduce that error on Ib mainly depends on the vehicle dynamics and electric
motor models because Pb apparently depends on those equations (see equations (3.1),
(3.2), and from (2.1) to (2.16)). However, the precision of the battery model will have an
impact on Vb. Indeed, this battery model is made to simulate the battery response voltage
due to current changes. This is why Vb is influenced by the model. Concerning the SoC, it
is computed by integrating Ib. Even if the battery model has a locally small impact on Ib,
there is a difference between both calculated currents (see Table 3.3). By integrating
those differences, the error, regarding the SoC estimation, accumulates. This explains
why the SoC of the two RC network and the internal resistance battery model are slowly
diverging from each other while discharging, as shown in Figure 3.8.
Table 3.2

Result of the experimental and simulated battery voltage comparison.

Battery model
Internal resistance
Two RC network

Average
Absolute Error
8.0 V
2.5 V

Improvement
Factor
3.200
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Standard Deviation
Absolute Error
8.0 V
2.7 V

Figure 3.6

Battery voltage comparison between the experimental and simulated
battery model.

Figure 3.7

SoC comparison between the experimental and simulated battery model.
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Figure 3.8

Battery current comparison between the experimental and simulated battery
model.

Table 3.3

Result of the experimental and simulated battery SoC comparison.

Battery Model
Internal resistance
Two RC network

Table 3.4

Average
Absolute Error
1.5%
0.8%

Improvement
Factor
1.875

Standard Deviation
Absolute Error
0.5%
0.3%

Result of the experimental and simulated battery current comparison.

Battery Model
Internal resistance
Two RC network

Average
Absolute Error
6.3 A
6.2 A

Improvement
Factor
1.016

Standard Deviation
Absolute Error
7.0 A
6.9 A

For experimental data, VOC has not been measured during the test. However, as
the VOC used with the two RC Network battery model is originally derived from
experimental data (see Figure 3.2), the same VOC has been used for computing the battery
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loss in experimental data. The results, shown in Figure 3.9 and Figure 3.10 and Table 3.5,
prove that the simulated losses from the two RC Network battery model are closer to
reality than the one simulated by the internal resistance battery model. This observation
suggests that the improvement of the battery accuracy may impact the MPC controller.
Indeed, as the simulated battery power loss is closer to reality, the power requested to the
engine will change and be closer to the real need of the vehicle. Besides, it is noted that
the two RC network battery model estimates the bus voltage better. Therefore, when this
model is used for the battery in the power-train model of an MPC algorithm, the variables
such as voltage, current, torque, and speed of other components, such as engine,
generator, and traction motor, will change. Thus, it can be predicted that, in a powertrain
model of an MPC where a two RC network battery model is deployed, a better estimation
of actual variables of the system can be accomplished.
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Figure 3.9

Battery current comparison between the experimental and simulated battery
model.

Table 3.5

Result of the experimental and simulated battery power loss comparison.

Battery Model
Internal resistance
Two RC network

Average
Absolute Error
325.9 W
152.5 W

Improvement
Factor
2.137

Standard Deviation
Absolute Error
231.5 W
178.4 W

The employed method to compute both battery power and cumulative losses is described
by equations (3.16) and (3.17):

Pbloss =||Ib (t)×Vb (t)|-|Ib (t)×Voc(t)||
T ||Ib (t)×Vb (t)|-|Ib (t)×Voc(t)||

Ebloss = ∫0

3600
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dt

(3.16)
(3.17)

Figure 3.10

Battery current comparison between the experimental and simulated battery
model.
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CHAPTER IV
MODEL PREDICTIVE CONTROL STRATEGY
4.1

Overview
The MPC-based control strategy developed in this Ph.D. proposal is shown in

Figure 4.1, which is designed based on the reference vehicle model explained in Chapter
II and III. The primary modules utilized in the control diagram include a dynamic model
of vehicle, a predictor, and a utility function. The dynamic vehicle model module
provides a numerical representation to approximate the physical system behavior. It
defines the relationship between the observed and internal system states, particularly
those relevant to the performance criteria, and the control inputs. The predictor module is
utilized to evaluate the anticipated future disturbances to the vehicle (i.e. next speed of
the vehicle) by using the recent samples. The utility function module, as the name
suggests, defines the set of performance specifications and system states that need to be
optimized or regulated within a specified region or follow distinct optimal trajectories.
In this PhD manuscript, the dynamic model of vehicle is described by state space
equations in the following general form:
X(t+1)=F(X(t),U(t), W(t))
Where 𝑋(𝑡) is the state variables vector, 𝑈(𝑡) is the control inputs vector, and 𝑊(𝑡)
indicates the disturbances vector.
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(4.1)

In series HEV, equation (4.1) can be further specified by using two state
variables, the ESS state of charge (SoC(t)) and engine speed (𝜔𝑒 (𝑡)), two control inputs,
the engine speed 𝜔𝑒 (𝑡) and generator torque (𝑇𝑔 (𝑡)), and one disturbance vector, the
vehicle linear speed. At any given time instant, the vehicle dynamic model receives:
1) the anticipated speed for next time instant from predictor,
2) measurements of the current states variables 𝑆𝑂𝐶(𝑡) 𝑎𝑛𝑑 𝑤𝑒 (𝑡) from the
vehicle physical model.
By using these inputs, the vehicle dynamic model estimates the next state
variables regarding control inputs 𝜔𝑒 (𝑡) 𝑎𝑛𝑑 𝜏𝑔 (𝑡). Then in the utility function module,
the objective function of the optimization problem is formulated in terms of the predicted
state variables for the next time instant (𝑆𝑜𝐶((𝑡 + 1)) 𝑎𝑛𝑑 𝑤𝑒 (𝑡 + 1)), current control
inputs (𝜔𝑒 (𝑡) 𝑎𝑛𝑑 𝜏𝑔 (𝑡)), and anticipated speed (𝑤(𝑡 + 1)). This process will be
formulated for the whole prediction horizon in a receding fashion and solved to derive the
control solutions. It is assumed that the following constraints hold true in this manuscript:
15%≤SoC(t)≤20%

(4.2)

0 N.m≤Tg (t)≤60 N.m

(4.3)

1500 rpm≤ωe (t)≤6000 rpm

(4.4)
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Figure 4.1
4.2

Model Predictive Control based Power Management System.

Objective functions
The objective of the controller is to optimize the performance of the controller of

the vehicle in terms of fuel consumption and usage of the battery. It takes into account
the fuel consumption, the power drawn/absorbed from/by the battery and the aging of the
battery. Those functions are minimized for the prediction horizon in a receding fashion
and are computed through equation (4.5) :
EOL

J(t+∆t)=J(t)+ṁ f (t)ed_f ∆t+Pb ∆t+ EOLst [Ql (t+∆t)-Ql (t)]ɛgate Eb
b

(4.5)

In equation (4.5), the energy consumption of the vehicle is related to the capacity
fade of the battery. This relationship is not obvious. However, if the energy necessary to
build a battery is taken into account, so it can be considered that every degradation of the
battery is equivalent to a portion of this energy. This portion is obviously equal to
[Ql (t+∆t)-Ql (t)]. Moreover, an adjustment factor equal to

EOLst
EOLb

is used to take into

account the fact that the capacity fades percentage from which the battery reaches the end
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of life (EOL). According to the USABC standards [61], EOL is 20% for HEVs. An EOL
of 50% has been selected for stationary application. Then, a coefficient to link the
nominal energy capacity of the battery (𝐸𝑏 ) and the required energy to build the battery
is used. It is named the cradle to gate embodied primary energy per unit of electrical
energy capacity, noted ɛ𝑔𝑎𝑡𝑒 , and is described more precisely in [62].
4.3

Optimization solver
Once the optimization problem is formulated based on the previous discussion, a

numerical solver is needed to solve it and provide the control solution. In this paper, the
function "fmincon" included in the Matlab Global Optimization Toolbox is utilized. As a
gradient-based algorithm, “fmincon" is commonly employed to find the minimum of a
constrained nonlinear multivariable function such as the one we formulated in this paper
[63]. It has been preferred to a standard tree search algorithm [64] [65] [66], such as a
pruning tree search, to speed up the search of the optimal solution. This way, the
prediction horizon of the MPC can be increased to more than one lookahead step. As a
gradient-based algorithm, “fmincon” is adequate to find a local minimum of a
constrained nonlinear multivariable function if it is smooth. Moreover, if the function is
convex, the minimum found would be necessarily global. Figure 4.2 provides a
representative example of the shape of the minimized cost function over the two control
input vector. Figure 4.2 only represents the form of the solution for one look-ahead step.
We will assume that the following remarks would not change by increasing this
parameter. Apparently, the shape can be considered smooth everywhere except on the
different “holes” that represent the different local minimum. However, once the optimizer
finds one of those “holes”, the local minimum is found and the optimization will stop.
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Also, the problem is of course not convex, and the gradient-based algorithm cannot
certify finding the global minimum. However, by inspecting the cost function value at the
different “holes”, two things can be noticed. First, the value of each “hole” is close to
each other meaning that no local minimum is a "wrong solution". Then, the very best
minimum values usually appear for engine speed under 300 rad/s (about 2850 RPM).
This remark is not true when the car is close to its max speed (74 mph). Our simulations
show that during UDDS or HWFET drive cycle the engine speed is most of the time
between 200 rad/s (about 2000 RPM) and to 300 rad/s, and car speed never goes above
60 mph, meaning that one of the very best solutions may have been found. All those
observations tend to show that the choice of a gradient-based algorithm is adequate to use
as an optimizer in the problem. Moreover, “fmincon” function has been already used for
a very similar problem as the one described in this paper in [67]. Parameters of "fmincon"
have been selected such that the computation does not take more time to compute than
the simulation time. Those parameters are described in Table 4.1.
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Figure 4.2

Shape of the minimized cost function over the two controls inputs vector
for one look-ahead step.

Table 4.1

Selected Parameters of fmincon

Name
Algorithm type
Step tolerance
Function tolerance
Maximum Iteration
Maximum Function Evaluation
Constraint Tolerance

Notation
Algorithm
TolX
TolFun
MaxIter
MaxFunEval
TolCon
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Value
Interior-point
1
0.01
1000
1000
0.1

CHAPTER V
BATTERY MODELS SENSITIVITY ANALYSIS
5.1

Introduction
The proposed methodology to study the impact of model fidelity in this Ph.D.

manuscript is developed based on the analysis of closed-loop relationships. Specifically,
we consider the following feedback structure with MPC controller in it as shown in
Figure 5.1.

Figure 5.1

Closed-loop relationships for an MPC controller.

The first sensitivity analysis in the context of MPC controller has been developed
as shown in Figure 5.2. For now, we are assuming that the real vehicle characteristics can
be entirely captured by the full-fidelity model. The vehicle model with the highest battery
fidelity model, denoted “BMref”, developed in [51] and described in Chapter III, is
considered as our reference vehicle model. Then, five dynamic vehicle models with
different lower fidelity battery models, denoted from "BM1" to "BM5", are used in the
MPC algorithm. Characteristics of those battery models are described in Table 5.1 and
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Figure 5.2. The open circuit voltage and the battery aging model come from [48] [51]
[49]. The impedance characteristics for “BM4” come from [53].
Table 5.1
Name
Voltage
RS
RT_S
CT_S
RT_L
CT_L
SoH

Figure 5.2

Characteristic of battery impedance model.
BM1
350 V
yes

BM2
Voc
yes

BM3
Voc
0.15 Ω
yes

BM4
Voc
f(Voc)
yes

BM5
Voc
0.095 Ω
0.0118 Ω
287.8 F
yes

BMref
Voc
0.1094 Ω
0.1111 Ω
422.7 F
0.1115 Ω
10,196 F
yes

Control loop for the sensitivity analysis.

For this study, the prediction horizon, also called look-ahead step time, has been
fixed at 10 seconds. The vehicle model state time has been set for 1 second, meaning that
the speed profile received by the MPC model is sampled once every second. The vehicle
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states update time has been fixed at 10 seconds, meaning that the vehicle is feeding back
measured data every 10 seconds, at the beginning of every MPC controller prediction. Fig.
6 illustrates those last three model parameters.

Figure 5.3

Control loop for the sensitivity analysis.

The sensitivity analysis has been conducted for two cases. The first one has been
done while running two consecutive UDDS drive cycles and the second while running
two consecutive HWFET drive cycles. The look-ahead step time has been fixed at 10
seconds for both cases.
The different figures in this section show the error between the estimated
variables such as the SoC, the fuel consumption, the SoH and the cost function, computed
by the MPC and those computed by the vehicle model with the highest battery fidelity.
The latter is treated in this study as the known values.
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5.2

UDDS drive cycle
From Figure 5.4 to Figure 5.7, some conclusions can be drawn. First of all, it can

be observed that battery model has only impact on the estimated state directly related to
the battery model such as SoC, SoH and the cost function. However, the fuel
consumption is only depending on engine speed and torque, which are entirely managed
by the MPC control inputs (generator torque and engine speed). The link between those
control inputs and battery states only exist through the constraint and the cost function
written respectively in equation (4.2) and (4.5). In fact, the difference in fuel
consumption between the model and the real vehicle can only be due to imprecision in
the engine model given in section 2.5. This explains why the fuel consumption at the
MPC level does not differ from the fuel consumption at the real vehicle level in this
study. However, if both the model and real battery are different, both energy consumption
are different. As it has been shown and proved that model and real vehicle fuel
consumptions are the same, it follows that only the battery can compensate the difference
between the energy required by the MPC and the one needed by the real vehicle. It can
even be concluded that if the battery model overestimates/underestimates the battery
energy losses, the MPC will order more/less energy coming from the engine than the one
really needed, and so the real battery will save/provide this extra-energy. As a
consequence the current going through the real battery and its SoC is higher/lower than
the ones computed by the MPC. This explanation can be generalized to any component of
the vehicle model that overestimates/underestimates the overall vehicle energy losses, at
the exception of the engine. The mass sensitivity analysis provided in Appendix C
confirms it. This is why the following causal link is valid: the lower is the vehicle model
42

fidelity, the more significant is the gap between real current and SoC and the ones
computed by the MPC. It follows that lower model fidelity could lead to the violation of
the SoC constraints as shown in Table 5.2, which is non-desirable. In fact, this constraint
is usually defined by battery manufacturers for safety and battery aging management
reasons.
A point made in the previous paragraph leads to a second one: the impact of the
battery modeling for the MPC controller depends on the cost function. In this Ph.D.
dissertation, the cost function is based on fuel consumption, but also on the battery power
and battery SoH as shown in Error! Reference source not found.5. As the SoH is
directly related to battery modeling through the current and battery capacity, battery
modeling has necessarily impacts on the cost function. Moreover, as only SoH depends
on the battery model for computing the cost function, the error in cost function and SoH
are proportional to each other as highly suggest Figure 5.6 and Figure 5.7. Indeed, it has
been explained that the fuel consumption was independent of the battery model (see
Figure 5.5). Moreover, it can be proven the same for the battery power defined in
equations (3.1) and (3.2). In fact, the battery power depends on:


the electric generator power, entirely depending on the fuel consumption
as shown in Figure 2.1,



the auxiliary power, defined as the same constant for the MPC model and
the real vehicle,



the electric motor power, depending on the electric motor efficiency, the
vehicle dynamics, and the speed profile, which are the same between the
MPC model and the real vehicle.

It follows that all of them are identical between the MPC model and the real
vehicle. This is why it can be concluded that the battery power is independent of the
43

battery model. As the fuel consumption and the battery power are independent of the
battery model, it can be deduced that the absolute error between cost function estimated
by the MPC and the real vehicle, only depends on the battery SoH. It explains why the
error in cost function and SoH are proportional. Moreover, it can be deduced from
equation (4.5) that the coefficient of proportionality is equal to

EOLst

ɛ
EOLb gate

Eb if the SoH is

expressed between [0;1] and the cost function is expressed in Joules. Using results of
Figure 5.6, Figure 5.7 and Table 5.2, this proportional coefficient can be found back. This
explanation highlights the main finding of this Ph.D. dissertation: the higher the battery
model fidelity is, the better can be predicted the battery SoH. As the battery pack is
currently one of the most expensive components of electric vehicle and lithium is a
limited natural resource, be able to manage precisely the battery aging is a crucial point
for automotive company and battery manufacturer. According to Figure 5.6 to 5.7 and
Table 5.2 the error in cost function or in battery SoH between the MPC model and the
real vehicle does not decrease significantly from BM3 to BMref, and no significant
additional computational cost is added when increasing the battery fidelity from BM3 to
BM5 or BMref.
Table 5.2 shows that the computation time per call of battery model is not strictly
related to its fidelity. We can summarize those last lines of this table as follow :
time(BM1)<time( BM2, BM3, BM5, BMref)<time (BM4)

(5.1)

This observation can be easily explained. BM1 is defined as a simple constant.
From BM2 to BMref, those models require the use the Matlab function “polyval” and
“polyfit” to compute the Voc in function of SoC. Moreover, BM4 requires a linear
interpolation function of Matlab, named “interp1” to calculate the internal series
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resistance. Every other equation in those models has a negligible impact on the
computation time. According to this explanation, we can deduce that the “polyval” and
“polyfit” are time-consuming functions. They increase by 75% the computation time
compared as BM1 whereas “interp1” only increase the computation time by 6%. More
precisely, appendix B, providing a mathematical assessment of the computational cost of
the battery model, shows that “polyfit” is computationally very demanding. However,
“polyfit” could be computed off-line. By doing so, the computation time could be
roughly reduced by 40 % compared to BMref.
Last observation shows that higher battery fidelity model does not necessarily
lead to a reduction of the cost function, fuel consumption or SoH according to Table 5.2.
This observation has been noticed for different drive cycle, parameters of “fmincon”,
look-ahead step, and even by fixing the engine speed as a constant. Even if surprising,
this fact confirms the conclusion of paper [14]. It can be explained by the following. In
this study, the problem is set this way: the energy cost function over two drives cycles is
minimized. Considering a real-time implementation, this optimization is limited by two
majors constraints: the reliability of the vehicle speed prediction and the computation
cost. Both constraints lead to reduce the lookahead step time to a realistic or feasible
value. For this study, a lookahead step time of 10 seconds has been selected. It means that
to optimize the cost function on the overall simulation (2 drive cycles), the algorithm is
finding the global minimum at every lookahead step time (10 seconds). Mathematically
speaking, there is no proof that such optimization strategy leads to find the global
minimum of the cost function on the overall simulation. So it can be concluded that even
if the vehicle model is correctly representing the real vehicle, a global minimum might be
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not found using such optimization strategy. As a consequence, it is not sure that a higher
fidelity model of the vehicle will necessarily reduce the fuel consumption or battery
degradation. The only fact that can be positively shown (cf Figure 5.4 to 5.7 and Table
5.2) is that different fidelity model leads to a different path of optimization and lower
fidelity model get the predictability of the vehicle states more difficult, in particular, the
battery aging.

Figure 5.4

Error between the SoC computed by the MPC model and the reference
vehicle during 2 UDDS drive cycles.

46

Figure 5.5

Error between the fuel consumption computed by the MPC model and the
reference vehicle during 2 UDDS drive cycles.

Figure 5.6

Error between the SoH computed by the MPC model and the reference
vehicle during 2 UDDS drive cycles.
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Figure 5.7

Error between the cost function computed by the MPC model and the
reference vehicle during 2 UDDS drive cycles.

Table 5.2

Comparison between battery models at the end of the two UDDS drive
cycles

Name
Vehicle Fuel
consumption

BM1

BM2

BM3

BM4

BM5

BMref

0.9265 kg 0.9181 kg 0.9191 kg 0.9155 kg 0.9198 kg 0.9150 kg

MPC Fuel
0.9265 kg 0.9181 kg 0.9191 kg 0.9155 kg 0.9198 kg 0.9150 kg
Consumption
Relative
error fuel
consumption

0%

0%

0%

0%

0%

0%

Vehicle SoH

0.0657%

0.0654%

0.0653%

0.0640%

0.0645%

0.0646%

MPC SoH

0.0644%

0.0653%

0.0653%

0.0640%

0.0645%

0.0646%

Relative
error SoH

1.97%

0.16%

0.006%

0.0008%

0.039%

0%
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Table 5.2 (continued)
Vehicle cost
function

21.57
kWh

21.37
kWh

21.36
kWh

21.10
kWh

21.25
kWh

21.21
kWh

MPC cost
function

21.38
kWh

21.35
kWh

21.36
kWh

21.10
kWh

21.25
kWh

21.21
kWh

Relative
error cost
function

0.89%

0.075%

0.0027%

0.0004%

0.018%

0%

Vehicle
battery SoC

14.77%

15.17%

15.28%

15.41%

15.31%

15.15%

MPC battery
SoC

15.15%

15.37%

15.16%

15.27%

15.25%

15.15%

Relative
error SoC

2.57%

1.32%

0.79%

0.91%

0.39%

0%

Computation
time

512 s

919 s

921 s

977 s

903 s

909 s

Simulation
time

2740 s

2740 s

2740 s

2740 s

2740 s

2740 s

Battery
model
computation
time (mean)

0.0092 s

0.0161 s

0.0161 s

0.0170 s

0.0158 s

0.0159 s

Battery
model
computation
time
(median)

0.0097 s

0.0170 s

0.0170 s

0.0180 s

0.0168 s

0.0169 s

Battery
model
computation
cost

1

968

978

988

975

980
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5.3

HWFET drive cycle
From Figure 5.8 to Figure 5.11 and with Table 5.3, the same conclusions as the

previous section can be drawn. It proves that the results obtained during UDDS drive
cycle are repeatable, consistent, and independent of the speed profile.

Figure 5.8

Error between the SoC computed by the MPC model and the reference
vehicle during 2 HWFET drive cycles.
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Figure 5.9

Error between the fuel consumption computed by the MPC model and the
reference vehicle during 2 HWFET drive cycles.

Figure 5.10

Error between the SoH computed by the MPC model and the reference
vehicle during 2 HWFET drive cycles.
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Figure 5.11

Error between the cost function computed by the MPC model and the
reference vehicle during 2 HWFET drive cycles.

Table 5.3

Comparison between battery models at the end of the two HWFET drive
cycles

Name

BM1

BM2

BM3

BM4

BM5

BMref

Vehicle Fuel
consumption

1.2091
kg

1.2160
kg

1.2190
kg

1.2350
kg

1.2175
kg

1.2177
kg

MPC Fuel
Consumption

1.2091
kg

1.2160
kg

1.2190
kg

1.2350
kg

1.2175
kg

1.2177
kg

Relative
error fuel
consumption

0%

0%

0%

0%

0%

0%

Vehicle SoH

0.0428%

0.0426%

0.0424%

0.0422%

0.0424%

0.0422%

MPC SoH

0.0419%

0.0425%

0.0424%

0.0422%

0.0424%

0.0422%

Relative
error SoH

2.04%

0.26%

0.0133%

0.0092%

0.0513%

0%
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Table 5.3 (continued)
Vehicle cost
function

21.43
kWh

21.46
kWh

21.45
kWh

21.55
kWh

21.44
kWh

21.40
kWh

MPC cost
function

21.30
kWh

21.44
kWh

21.45
kWh

21.55
kWh

21.43
kWh

21.40
kWh

Relative
error cost
function

0.614%

0.0766%

0.004 %

0.003%

0.0153%

0%

Vehicle
battery SoC

15.14%

15.33%

15.44%

15.87%

15.41%

15.44%

MPC battery
SoC

15.40%

15.41%

15.40%

15.82%

15.39%

15.44%

Relative
error SoC

1.72%

0.78%

0.26%

0.32%

0.13%

0%

Computation
time

206 s

350 s

360 s

376 s

356 s

356 s

Simulation
time

1530 s

1530 s

1530 s

1530 s

1530 s

1530 s

Battery
model
computation
time (mean)

0.0093 s

0.0158 s

0.0161 s

0.0167 s

0.0159 s

0.0159 s

Battery
model
computation
time
(median)

0.0098 s

0.0168 s

0.0170 s

0.0178 s

0.0169 s

0.0169 s

Battery
model
computation
cost

1

968

978

988

975

980
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CHAPTER VI
CONCLUSION AND FUTURE WORK

6.1

Conclusion
In this Ph.D. defense, a Matlab-based model has been developed with a highly

accurate battery model for a hybridized Subaru BRZ 2015. This Ph.D. proposal argues
for two contributions. The first contribution is the development, for the first time in the
field of an MPC controller, a high accuracy battery model for a Matlab-based PHEV
model. Indeed, the new battery model reduces the absolute voltage, SoC and battery
power loss error respectively by a factor of 3.2, 1.9 and 2.1(see Table 3.2, 3.3, and 3.5)
on average as compared to the internal resistance battery model used in previous work
about MPC for HEVs applications [20]. Based on it, lower fidelity battery models can be
designed. This is why this vehicle model represents a simulation tool that can be tuned up
for the battery sensitivity analysis but also for many other purposes.
Also, this Ph.D. dissertation provides a systematic approach to addressing the
issue of choosing the proper model fidelity within MPC design for vehicle applications.
This is why the second contribution of this paper consists of evaluating the impact of
different battery models of a plug-in hybrid electric vehicle (PHEV) through a sensitivity
analysis to reach the optimal objective function for an MPC. Through simulations, it has
been proven that higher fidelity models improve the capability to predict accurately the
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battery aging. As the battery pack is currently one of the most expensive components of
an electric vehicle and lithium is a limited natural resource, being able to manage
precisely the battery aging is a crucial point for both the automotive company and the
battery manufacturer. Another important aspect highlighted by this PhD dissertation is
that a higher battery fidelity model reduces the possibility to violate the SoC constraint,
which is greatly desirable. In fact, this constraint is usually defined by battery
manufacturers for safety and battery aging management reasons. Last but not least, it has
been proven that the impact of the battery modeling for the MPC controller Last but not
least, it has been proven that the impact of the battery modeling for the MPC controller
depends on what the objective function aims to optimize. For instance, battery modeling
have limited impact if the objective function takes into account the fuel consumption but
far more for if it considers the battery degradation.
The computation time and cost is mainly due to the evaluation of the Voc. So
increasing the battery model fidelity from BM2 to BMref does not add significant
additional computation. Moreover, the computation time could be roughly reduced by 40
% compared to BMref by computing samples data of the Voc in function of SoC through
the Matlab function "polyfit" off-line, and then evaluate it online using the polynomial
interpolation Matlab function “polyval”.

55

Figure 6.1
6.2

Error between the cost function computed by the MPC model and the
reference vehicle during 2 HWFET drive cycles.

Future work
This Ph.D. dissertation focuses on the impact of the battery model fidelity on the

global performance of the MPC controller. It is natural to study the impact of other parts
of the vehicle model on the performance of the MPC Controller. Appendix C and D
provide results of similar sensitivity analysis of two other parameters of the vehicle
model:


The mass sensitivity analysis (Appendix C)



A pareto front analysis of the cost function (Appendix D)

Another work that can be done after this Ph.D. is the implementation of the MPC
controller inside the Subaru BRZ PHEV studied in this Ph.D. to get some experimental
data.
Also, this Ph.D. manuscript points out that a higher fidelity model of the vehicle
may not necessarily reduce the fuel consumption or battery degradation. It is even
logically suggested that the optimization process defined in this Ph.D. is the main reason
for this observation. To support this idea, the same study done in this Ph.D. could be done
56

again, but using a lookahead step time equal to the simulation time. Such a study would
not be real-time implementable and would need the use of a high computational-power
computer. The expected results of those simulations are to prove that higher battery
fidelity model reduces the overall cost function if the vehicle speed can be predicted
precisely during the whole drive cycle from the beginning of this drive cycle.
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APPENDIX A
BM5 IMPEDANCE ESTIMATION METHODOLOGY
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This appendix provides details of the methodology employed to estimate the
battery model of BM5.
A.1

Introduction
Significant information concerning the characteristics of a Lithium battery is

provided by the electrical impedance measurements. The reference method of analysis
consists of performing electrochemical impedance spectroscopy (EIS). Although robust,
it usually cannot be used for an embedded system, such as the hybrid electric vehicle
(HEV) because it is an expensive, complicated, and very time-consuming method. The
contribution of this paper allows to overcome these issues and to address embedded
applications. This appendix describes a passive methodology for impedance estimation in
the time domain that consists of using the natural current and voltage profile produced by
the battery through its regular use without adding any excitation signal. This approach is
based on a method used in [68] [69]. However, compared to [68] [69], the methodology
developed in this appendix does not require adding any pseudo-random binary signal
(PRBS) to the current profile of the battery for estimating its impedance and the
impedance is calculated in a time domain. Indeed, only the natural or passive current and
voltage profile produced by the battery, through its regular use, is necessary. This
difference makes the methodology of this appendix more applicable for embedded
applications such as the former Subaru BRZ 2015 transformed into PHEV.
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A.2

Impedance estimation method
This section describes the impedance estimator based on the Fourier transform

and an exponential local averaging strategy. This approach should provide accurate and
continuous estimation to track temporal variation of the impedance. This method has
already been tested and has shown accuracy to estimate impedance the Lithium polymer
battery of a drone in [69] [70]. Figure A.1 summarizes the proposed method.

Figure A.1
A.2.1

Frequency impedance estimation method.

Linear and time-invariant hypothesis
Firstly, variations of the additional current used to estimate the impedance are

chosen sufficiently small for the battery to have a linear behavior concerning these
variations. Under this assumption, the battery can be considered as a linear system.
Secondly, parameters on which the battery characteristics depend are assumed to
remain constant during the measurement process. Under this assumption, the battery can
be considered as a time-invariant system during the measurement time. Jointly, these two
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assumptions allow considering the battery as a linear and time-invariant (LTI) system
regarding the additive input-output variations and during the measurement time. If the
battery behaves as an LTI system, its estimated electrochemical impedance 𝑍̂𝑘 (𝑓) can be
defined by equation (A.1) [70] [71].
Ŝ

(f)

̂ k (f)= uik
Z
Ŝ (f)

(B.1)

iik

A.2.2

Coherence
One way to test if the system can be considered as LTI is to use the notion of

squared spectral coherence [72]. This coherence is a statistical quantity that belongs to
[0,1]. The estimated squared spectral coherence Ĉuik (f) between the voltage u(t) and the
current i(t) is defined in equation (A.2) where Ŝ uuk (f) is the estimated PSD of the voltage.
|Ŝ uik (f)|²
̂ ii (f)
uu (f)S

̂ ui (f)=
C
k
Ŝ

k

(B.2)

k

If Ĉuik (f)2 tends toward unity in a given frequency band, the system can be
considered as LTI in this frequency band, and so the impedance can be estimated by
equation (A.1). On the contrary, if Ĉuik (f)2 tends toward 0, either there is a high level of
measurement noise or the system cannot be considered as LTI. In this case, the
impedance cannot be estimated by equation (A.2).
A.2.3

Impedance estimation in frequency domain
To estimate 𝑍̂𝑘 (𝑓) and |𝐶̂𝑢𝑖𝑘 (𝑓)|², we first calculate the PSD 𝑆̂𝑖𝑖𝑘 (𝑓), 𝑆̂𝑢𝑢𝑘 (𝑓) and

the CPSD 𝑆̂𝑢𝑖𝑘 (𝑓). The data are divided into blocks of the same length by using a time
window, and their discrete Fourier transform (DFT) is computed by using the Fast
Fourier transform algorithm. Figure A.1 presents the different steps of this algorithm. The
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block length has to be wide enough for estimating 𝑍̂𝑘 (𝑓) on the largest frequency band
and small enough to be able to consider the system LTI during the estimation. After an
initialization step, the impedance and squared spectral coherence estimations are updated
every new block of data thanks to a recursive equation that implements an exponential
averaging strategy using a forgetting factor α.
The value of the forgetting factor controls a trade-off between the convergence
time and the final estimation error. The tracking performance is related to the
convergence time of the averaging strategy: the smaller the convergence time is, the
higher the tracking performance is. On the other hand, the estimation performance is
directly related to some residual variations after averaging: the lower the residual
variations are, the higher the estimation performance is. As an example, equation (A.3)
and equation (A.4) give the algorithm necessary to estimate the CPSD 𝑆̂𝑢𝑖𝑘 (𝑓)
recursively.
P̂ uik (f)=AVk (f) I*k (f)

(B.3)

Ŝ uik (f)=αŜ uik-1 (f)+(1-α) P̂ uik (f)

(B.4)

Where A is a normalization factor, * denotes complex conjugation, and Vk(f) (Ik(f)
respectively) is the DFT of the kth block of voltage (current respectively) sample, and α
belongs to [0,1] is the forgetting factor. In this equation, the estimated cross periodogram
between the kth blocks of voltage and current samples is noted P̂ uik (f). Finally, the battery
impedance is estimated by the ratio of the estimated CPSD and PSD of current (equation
(A.1)).

70

A.2.4

Impedance estimation in time domain
To estimate Ẑk (t), we need first to select an impedance battery model order. For

automotive application, an n order Resistance/Capacitor network, as shown in Figure
A.2, is commonly used to model the battery impedance [44] [45] [46].

Figure A.2

Frequency impedance estimation method.

The equation of such impedance is described by equation (A.5).
n

̂

n−m

bn (i)s
̂ n (s)= ∑m=0
Z
∑n
â (i)sn−m
m=0 n

(B.5)

Where Ẑn (s) is the estimated impedance in the Laplace domain, s = 2πf, n is the
order of the battery model, b̂ n and ân are the estimated real coefficient of the numerator
and denominator respectively. To estimate such coefficients, the Matlab function
‘invfreqs’ is used [73], as shown in equation (A.6).
̂ n (s),f,n,n]
[b̂ n ,ân ]=invfreqs[Z
A.3

Experimental protocol and results
Then to estimate the value of the RC network parameters, a partial fraction

decomposition is computed by using the Matlab function ‘residue’ [74].
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(B.6)

[r̂n ,p̂ n ,d̂ n ] = residue[b̂ n ,ân ]

(B.7)

The computation of 𝑟𝑛̂ , 𝑝̂𝑛 often provides complex conjugate numbers, which are
not desirable values because the parameters of the RC networks should be real values. To
overcome this issue, the modulus value of those complex numbers are taken. As those
complex numbers are necessarily complex conjugate because the original quotient
polynomial provided in equation (A.5) uses real coefficient only, many RC branches have
the same parameters values, which lead to a reduction of the battery model order.
Then the final parameters are computed through those following equations
̂ s (n)=d̂ n
R

(B.8)

̂ m (n)= |r̂ n (m)|⁄|p̂ (m)|
R
n

(B.9)

̂ m (n)= 1⁄(R
̂ m (n) |p̂ (m)|)
C
n

(B.10)

̂ n (f)=R
̂ s + ∑ni=0
Z

̂ i (n)
R
̂ m (n)2πjf
̂ m (n) C
1+R

(B.11)

In this appendix, this process is repeated for every natural number n lower than
40. The number 40 is large enough to cover different order of impedance battery model
for an automotive application. However, it can be selected as need be.
Then, a decision to select the battery model order is made based of the Root Mean
Square Error (RMSE) between the modulus and phase of 𝑍̂𝑛 (𝑓) and 𝑍̂𝑘 (𝑓) are calculated
in equations (A.12) and (A.13).
̂k (f)]- arg[Z
̂n (f)])
∑li=1(arg[Z

RMSEPi =√

2

l
̂k (f)|− |Z
̂n (f)|)
∑li=1(|Z

RMSEMi = √

l
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(B.12)

2

(B.13)

Where 𝑅𝑀𝑆𝐸𝑃𝑖 and 𝑅𝑀𝑆𝐸𝑀𝑖 are respectively the phase and modulus RMSE of
the “i” order impedance battery model, m is the number of sample of the estimated
̂ k (f).
impedance Z
̂ k (f) is computed as follow.
Once the choice of the battery model is made, Z
̂ m (t)= Ts [ik (t- Ts ) - Vm(t- Ts )] +V
̂ m (t- Ts )
V
̂
̂
̂ C
C
R
m

m m

̂ k (t)=R
̂S +
Z

̂ (t)
∑nm=1 V
m
Ik (t)

(B.14)
(B.15)

Where TS stands for the sampling period.
A.3.1

Experimental protocol
On a dynamometer, the vehicle has been driven through the HWFET (highway)

and UDDS (urban) drive cycle from full battery charge (respectively 96% and 100% of
SoC) to its complete depletion (5% of SoC). The goal of those tests is to create the
passive current and voltage profile of the battery while the car is driving. For this
experiment, the sampling frequency is only 20 Hz, which limits the frequency range
severely for the battery impedance estimation. However, many publications [4] [5] [75]
confirm that this sampling frequency is sufficient for computing the battery impedance
for automotive application. Moreover, according to the model developed in [48], the
identified battery bandwidth for automotive application is [0.0008799 Hz – 0.02134Hz].
So the sampling frequency should not be an issue.
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A.3.2

Results and discussion
Figure A.3 shows the current profile and voltage response and their associated

spectrogram during UDDS drive cycle. Figure A.4 shows the coherence spectrogram
during UDDS drive cycle. To increase the visibility of this graph, every value below 0.9
has been set to 0.9. This procedure does not affect the battery impedance estimation
because, for every estimation and frequency, the coherence has to be higher to 0.99 to
consider our system as an LTI and so to update the previous estimation of the battery
impedance. As expected, with a sampling frequency of 20 Hz, the coherence spectrogram
in Fig A.4 indicates that the frequency content of the signal is included from 0 to 2 Hz.
Similar results are obtained during HWFET drive cycle.

Figure A.3

Current and voltage profile and spectrogram during UDDS drive cycle.

74

Figure A.4

Coherence spectrogram for passive case during UDDS.

Figure A.5

Modulus Phase RMSE depending on the impedance battery model order
“n”.
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From Fig A.5, it can be observed that for "n" lower than 21, the modulus and
phase RMSE are quite constant and lower than for "n" higher than 21. This is why any
impedance battery model order lower than 21 can be selected. In this appendix, n has
been selected equal to 1 to reduce the complexity of the battery model. Table 1 presents
different parameter values of the battery impedance estimated through the passive UDDS
and HWFET current and voltage profiles. Fig 6 show respectively the Bode diagram of
̂ k (f) and Z
̂ 3 (f). From Table A.1, it can be noticed that 𝑅̂𝑠 values are close to each other.
Z
Table A.1

𝑅̂𝑠
𝑅̂1
𝐶̂1

Characteristics of the battery impedance
UDDS (BM5)
0.0950 Ω
0.0118 Ω
0.0720 kF

HWFET
0.0866 Ω
0.0005754 Ω
2.3759 kF

Concerning the battery impedance estimation during both drive cycles, it has been
realized on the same battery, and it can be considered that its aging between both
experiments has not changed. However, during the UDDS experiment the battery
temperature moves from 26.5 to 38.5 Celsius whereas, during the HWFET test, it goes
from 25 to 38.5 Celsius. This little difference in temperature has probably had an impact
on the impedance estimation. Moreover, HWFET test only lasts 3,056 seconds whereas
the UDDS test lasts 7,381 seconds. Therefore, during the UDDS drive cycle, more
information has been collected to update more accurately the battery impedance
potentially. This is why both estimated impedances are not the same, but still are very
close as shown in Figure A.6 and Table A.1.
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Figure A.6

Bode diagram of the estimated battery impedance
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APPENDIX B
COMPUTATIONAL COST OF THE DIFFERENT BATTERY MODELS
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This appendix provides an explanation concerning the computational cost of the
battery model given in Tables 5.2 and 5.3. As a metric, one addition, one multiplication,
or one comparison between real numbers are considered as one computation.
B.1

Matlab code of the battery model equation
This section provides the Matlab code of the different battery model used in this

study. This Matlab code has been revised to fit the nomenclature of the document.
B.1.1

BM1

Table B.1

B.1.2

Matlab code of BM1
Line Code

Comment

Vb = 350;

Voltage battery model

Ib = Pb/Vb;

Current battery model

BM2

Table B.2

Matlab code of BM2
Line Code

Comment

Polynome_OCV =
polyfit(OCV_data,8);

Open circuit voltage 8th order polynome
of the battery model

Voc = polyval(Polynome_OCV, SoC);

Open circuit voltage value of the battery
model

Vb = Voc ;

Voltage battery model

Ib = Pb/Vb ;

Current battery model
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B.1.3

BM3

Table B.3

Matlab code of BM3
Line Code

Comment

Polynome_OCV =
polyfit(OCV_data,8);

Open circuit voltage 8th order polynome
of the battery model

Voc = polyval(Polynome_OCV, SoC);

Open circuit voltage value of the battery
model

2 − 4R × P ))/(2×R);
Ib = (Voc - √(Voc
𝑏

Current battery model

Vb = Voc - R×Ib;

Voltage battery model

B.1.4

BM4

Table B.4

Matlab code of BM4
Line Code

Comment

Polynome_OCV = polyfit(OCVdata,8);

Open circuit voltage 8th order polynome
of the battery model

Voc = polyval(Polynome_OCV, SoC);

Open circuit voltage value of the battery
model

Rs=interp1(SoCdata,Rdata,SoC,'linear');

Internal resistance of the battery model

2 − 4R × P ))/(2×R );
Ib = (Voc - √(Voc
s
𝑠
𝑏

Current battery model

Vb = Voc – Rs × Ib;

Voltage battery model
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B.1.5

BM5

Table B.5

Matlab code of BM5
Line Code

Comment

Polynome_OCV = polyfit(OCVdata,8);

Open circuit voltage 8th order
polynome of the battery model

Voc = polyval(Polynome_OCV, SoC);

Open circuit voltage value of the
battery model

Ib = Pb/Vb;

Current battery model

VT_S = - VT_S /(R T_S × C T_S) - Ib/C T_S + VT_S ;

Transient voltage battery model

Vb = Voc – Rs × Ib + VT_S;

Voltage battery model

B.1.6

BMref

Table B.6

Matlab code of BMref
Line Code

Comment

Polynome_OCV = polyfit(OCVdata,8);

Open circuit voltage 8th order
polynome of the battery model

Voc = polyval(Polynome_OCV, SoC);

Open circuit voltage value of the
battery model

Ib = Pb/Vb;

Current battery model

VT_S = - VT_S /(R T_S × C T_S) - Ib/C T_S + VT_S;

Short transient voltage battery model

VT_L = - VT_L /(R T_L × C T_L) - Ib/C T_L + VT_L;

Long transient voltage battery model

Vb = Voc – Rs × Ib + VT_S + VT_L;

Voltage battery model
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B.2

Computational cost of some Matlab function
Through section B.1, the Matlab functions “polyfit” [76], “polyval” [77], and

“interp1” [78] are used. This section explains the computational cost of each function.
B.2.1

Polyval
“Polyval" is a Matlab function that evaluates an "n" order polynomial (the Voc) for

a given value (the SoC). It means that “polyval” computes:
b= ∑ni=0 ai (x)i

(C.1)

Where 𝑎𝑖 are the coefficient of the polynomial evaluates by the function polyfit, x
is the given SoC value to evaluate the polynomial, and b is the associate Voc to the given
SoC It means that “polyval” calculates 𝑛 + ∑𝑛𝑖=0 log 2 (𝑖) multiplication and “n” addition.
In this manuscript, n is equal 8, so “polyval” realizes 23 multiplications and 8 additions.
B.2.2

Polyfit
“Polyfit” is a Matlab function that evaluates the "ai " coefficient of an “n” order

polynomial (the Voc). It means that “polyfit” has to solve the following system:
a0
(a⋮ ) =
n

x0

b0

n

bn

xn0
b0
( ⋮ )( ⋮
bn
xnn

⋯
⋱
⋯

-1

x00
⋮)
x0n

(C.2)

Where (x⋮ ) and ( ⋮ ) are known vectors of SoC and the associated Voc values.
Those values are known characteristics of the battery given by the Figure 3.2. To
compute equation (B.2), it requires:


(∑𝑛𝑖=0 log 2 (𝑖)) multiplications to compute every value inside the square
matrix



𝜃(𝑛3 ) computations for inverting the n×n matrix
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(𝑛 + 1)(∑𝑛𝑖=0 𝑖) multiplications and (𝑛 + 1)𝑛 additions to compute the
“a” vector

In this manuscript, n is equal to 8. So to compute equation (B.2), it requires:

B.2.3



15 multiplications to compute every value inside the square matrix



512 computations for inverting the n×n matrix



324 multiplications and 72 additions to compute the “a” vector

Interp1
“Interp1” is a Matlab function that returns interpolated values of a 1-D function at

specific query points using linear interpolation. It means that “interp1” computes:
yeq = yi -

(yi+1 -yi )(xi-xeq )
(xi+1 -xi )

(C.3)

Where yeq is the interpolated value at the query points xeq. yi+1, yi, xi+1, and xi are
known data values. To select the good index “i”, a binary search algorithm of complexity
θ(log 2 (m)) is used, where “m” is the number of data point in the array. For this
manuscript, m is equal to 11. In total, “interp1” has a computational complexity of 10.
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B.3

Computational cost of the different battery models
This section summarizes the computational cost of the different battery models

through Table B.7.
Table B.7

Computational cost of the different battery models

Function

BM1

BM2

BM3

BM4

BM5

Bmref

-

1

1

9

9

1

1

“Polyfit”

-

936

936

936

936

936

“Polyval”

-

31

31

31

31

31

Vb

-

-

-

2

2

3

4

Rs

“Interp1”

-

-

-

10

-

-

VT_S

-

-

-

-

-

4

4

VT_L

-

-

-

-

-

-

4

1

968

978

988

975

980

Ib
Voc

Total Computation
Cost

Through this Table B.7, it is clear that “polyfit” function is the most demanding
one. It confirms the results obtains in term of computation time. However, “polyfit” can
be computed off-line. It would reduce drastically the computational cost of the battery
model. Also, we can see that BM2 to BMref have globally close computational cost. In
fact, the most computational element of this Table B.7 is Voc, which necessarily need to
be included in higher fidelity battery model than BM2.
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APPENDIX C
MASS SENSITIVITY ANALYSIS OF THE COST FUNCTION
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This appendix provides the sensitivity analysis of another parameter of the vehicle
model: its mass.
C.1

Methodology
For this study, the methodology and parameters are the same as the one employed

for the battery model sensitivity analysis. The difference is that the battery model is fixed
at BMref, and the mass of the vehicle model vary from +10% to -10% of the mass of the
real vehicle.
C.2

Results and discussion
The following table summarizes the results obtained for this study when

simulating the car running on a UDDS drive cycle.
Table C.1

Comparison MPC performance for different vehicle mass estimation at the
end of the UDDS drive cycles

Name

Mass
+ 10%

Mass
+ 5%

Mass
+2 %

Exact
Mass

Mass
– 2%

Mass
-5%

Mass
-10%

Vehicle Fuel
consumption

0.3592
kg

0.3537
kg

0.3526
kg

0.3524
kg

0.3522k
g

0.3447
kg

0.3438
kg

MPC Fuel
Consumption

0.3592
kg

0.3537
kg

0.3526
kg

0.3524
kg

0.3522
kg

0.3447
kg

0.3438
kg

Vehicle SoH

0.0408
%

0.0408
%

0.0407
%

0.0407
%

0.0407
%

0.0409
%

0.0408
%

MPC SoH

0.0428
%

0.0419
%

0.0412
%

0.0407
%

0.0403
%

0.0398
%

0.0385
%

Vehicle cost
function

10.93
kWh

10.89
kWh

10.87
kWh

10.87
kWh

10.86
kWh

10.83
kWh

10.80
kWh
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Table C.1 (continued)
MPC cost
function

11.32
kWh

11.10
kWh

10.92
kWh

10.87
kWh

10.78
kWh

10.62
kWh

10.37
kWh

Vehicle
battery SoC

16.02%

15.82%

15.80%

15.85%

15.78%

15.58%

15.61%

MPC battery
SoC

15.33%

15.48%

15.66%

15.85%

15.93%

15.94%

16.31%

This table C.1 shows that when the mass of the vehicle model is within a range of
2% close to the real vehicle mass model, the performance of the MPC controller is not
significantly changed. For mass estimation superior to 2% of the real vehicle mass, the
performance of the MPC is degraded. For mass estimation inferior to 2% of the real
vehicle mass, the performance of the MPC looks improved. However, this improvement
is because the real battery is providing the extra energy that the MPC does not take into
account due to the error in the vehicle mass estimation. As the SOC estimated by the real
battery management system is not feedback, the real battery SOC will definitively go
below the limit of 15% that has been defined in the analysis. This constraint should
represent a manufacturer constraint for avoiding any high-level degradation of the
battery, thermal runaway or any abusive use of the battery in such low SOC. This is why
improving the performance of the MPC by going below this limit does not look desirable
at all. To conclude, mass estimation of the MPC should be precise to 2% of the real
vehicle mass to reach a proper performance of the MPC. It is also preferable to
overestimate than underestimate this mass to avoid battery SOC to go below the
minimum SOC constraint.
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APPENDIX D
PARETO FRONT ANALYSIS OF THE COST FUNCTION
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This appendix provides the sensitivity analysis of another parameter of the vehicle
model: the cost function.
D.1

Introduction
Up to now, for battery sustainable mode, engine thermostat control strategy is

considered as the best method to increase fuel economy. This method consists of


switching on the engine at its best efficiency point when the battery
reaches a minimal value of SoC.



switching off the engine when the battery reaches a maximal value of
SoC.

This strategy has the advantage to be simple and very performing. However, it
neglects losses of the energy going through the battery. Figure D.1 and D.2 show a case
when it would be more efficient to select a less efficient point of the engine, increasing so
losses at the engine, but reducing losses at the battery, making the overall system more
efficient. This example also shows that managing the battery aging and fuel consumption
are not necessarily antagonist objective. Such control strategy could be obtained using an
MPC controller with an objective function supposed to minimize at the same time
equivalent fuel consumption of the vehicle and battery aging. The purpose of this
appendix is to propose an alternative to the thermostat control strategy through a Paretofront analysis of the MPC cost function.
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Figure D.1

Example of the Energy consumption of an HEV using a thermostat control
strategy

Figure D.2

Example of the Energy consumption of an HEV using another strategy

D.2

Methodology
For this study, the methodology and parameters are globally the same as the one

employed for the battery model sensitivity analysis. However, the battery model is fixed
at BMref, the lookahead step time has been decreased to 1 second, the SoC is kept in
between 15% to 16%, and the cost function is defined as follow:
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EOL

Je (t+∆t)=Je (t)+α(ṁ f (t)ed_f ∆t+Pb ∆t)+(1-α) EOLst [Ql (t+∆t)-Ql (t)]ɛgate Eb
b

(E.1)

Where α is a parameter varying between 0 and 1.
D.3

Results and discussion
The following table summarizes the preliminary results obtained for this study

when simulating the car running on a UDDS drive cycle.
Table D.1

Comparison MPC performance for different vehicle mass estimation at the
end of the UDDS drive cycles

𝜶 weight
value

Fuel
consumption

Equivalent
fuel
consumption

Battery
aging

Initial
SoC

Final
SoC

1

0.5359 kg

0.5394 kg

0.0513 %

15.50 %

15.07 %

0.9

0.5389 kg

0.5442 kg

0.0513 %

15.50 %

15.08 %

0.8

0.5378 kg

0.5432 kg

0.0496 %

15.50 %

15.06 %

0.7

0.5387 kg

0.5442 kg

0.0485 %

15.50 %

15.05 %

0.6

0.5415 kg

0.5466 kg

0.0451 %

15.50 %

15.07 %

0.5

0.5287 kg

0.5333 kg

0.0413 %

15.50 %

15.11 %

0.4

0.5094 kg

0.5203 kg

0.0372 %

15.50 %

15.12 %

0.3

0.5043 kg

0.5085 kg

0.0355 %

15.50 %

15.13 %

0.2

0.5135 kg

0.5167 kg

0.0352 %

15.50 %

15.18 %

0.154

0.5283 kg

0.5283 kg

0.0348 %

15.50 %

15.50 %

0.1

0.5483 kg

0.5426 kg

0.0341 %

15.50 %

16.02 %

0

0.5404 kg

0.5346 kg

0.0339 %

15.50 %

16.03 %

On-Off
Thermostat
Control

0.4990 kg

0.4990 kg

0.0590 %

15.30 %

15.30 %
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The first observation of Table D.1 is that reducing the battery aging does not
necessarily lead to increase the fuel consumption. In fact, modifying the weight value
does not affect significantly the fuel consumption, but it has a significant impact on the
battery aging. Moreover, table 2 shows that there is α weight value (α =0.154) for which
the MPC controller enable the initial and final SoC to be the same, so net energy
contribution over a cycle is negligible. This weight value is highly desirable when the
vehicle is in battery sustaining mode. Finally, the most important result of this paper can
be observed by comparing the MPC strategy solution, that kept the initial and final SoC
constant, to the On-Off Thermostat Control strategy, which is considered as the best
strategy to minimize fuel consumption of an HEV when the battery is in sustaining mode.
Indeed, the MPC controller can decrease the battery degradation by 41% for only
increasing the vehicle fuel consumption by 5% compared to an on-off thermostat control
strategy. Last but not least, the computation time of the MPC controller strongly suggests
that this process can be done by a real-time controller. In fact, the simulation has taken 10
times less than the UDDS drive cycle time length.
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